Abstract. Soil moisture plays an important role in the water cycle within the surface ecosystem, and it is the basic condition for the growth of plants. Currently, the spatial resolutions of most soil moisture data from remote sensing range from ten to several tens of km, while those observed in-situ and simulated for watershed hydrology, ecology, agriculture, weather, and drought research are generally <1 km. Therefore, the existing coarse-resolution remotely sensed soil moisture data need to be downscaled. This paper proposes a universal and multitemporal soil moisture downscaling method suitable for large areas. The datasets comprise land surface, brightness temperature, precipitation, and soil and topographic parameters from high-resolution data and active/passive microwave remotely sensed essential climate variable soil moisture (ECV_SM) data with a spatial resolution of 25 km. Using this method, a total of 288 soil moisture maps of 1-km resolution from the first 10-day period of January 2003 to the last 10-day period of December 2010 were derived. The in-situ observations were used to validate the downscaled ECV_SM. In general, the downscaled soil moisture values for different land cover and land use types are consistent with the in-situ observations. Mean square root error is reduced from 0.070 to 0.061 using 1970 in-situ time series observation data from 28 sites distributed over different land uses and land cover types. The performance was also assessed using the G DOWN metric, a measure of the overall performance of the downscaling methods based on the same dataset. It was positive in 71.429% of cases, indicating that the suggested method in the paper generally improves the representation of soil moisture at 1-km resolution.
Introduction
Soil moisture conditions influence surface runoff and modulate interactions between the land surface and the atmosphere. 1 Microwave remote sensing retrievals of soil moisture provide an alternative to in-situ observation networks, yielding spatially continuous information over a range of scales. Recently, various microwave remote sensing satellites have been launched to derive soil moisture information. Satellite-based soil moisture datasets are generated by scientists from several microwave sensors, including the Scanning Multichannel Microwave Radiometer (SMMR), Special Sensor Microwave Imagers (SSM/I), Microwave Imager (TMI), Advanced Microwave Scanning Radiometer-Earth Observing System (AMSR-E), European Remote Sensing Satellites (ERS), Active Microwave Instrument, Meteorological Operational Satellite, and Advanced Scatterometer. [2] [3] [4] [5] [6] These soil moisture datasets are derived from sensors that were not specifically designed to measure soil moisture. Therefore, the Soil Moisture and Ocean Salinity (SMOS) and the Soil Moisture Active Passive (SMAP) missions were launched by the European Space Agency (ESA) in 2009 and the National Aeronautics and Space Administration (NASA) in 2015, respectively. 7, 8 In addition to SMOS and SMAP, the successful launching of AMSR-2 and Sentinel-1A and 1B guarantees the continuity of soil moisture products.
Individual microwave products do not often cover the period required for a climatological or hydrological analysis. Additionally, the difference in systems and mission designs and the use of different retrieval algorithms have led to data with varying spatial-temporal quality. 9, 10 Studies by Dorigo et al., 9 Albergel et al., 11 Njoku and Li, 12 and Taylor et al. 13 indicated that active and passive microwave data are complementary for different land cover types. Also, radiometers generally perform best over dry areas while scatterometers perform best over densely vegetated areas. Therefore, combining active and passive microwave datasets will contribute substantially to offering improved estimates for surface soil moisture at various scales. Liu et al. 14, 15 merged active and passive microwave products into single multidecadal essential climate variable soil moisture (ECV_SM). Dorigo et al. 16 were the first to globally assess trends in ECV_SM for the period of 1988 to 2010. The authors compared these trends with soil moisture trends from two model-based surface soil moisture, precipitation, and vegetation datasets. Since then, validation of ECV_SM has been conducted worldwide. [17] [18] [19] [20] Although ECV_SM provides an unprecedented wealth of information for understanding global hydrological and climatological patterns, its low spatial resolution of 0.25 deg limits practical application. To address this spatial-resolution issue, some downscaling strategies have been proposed. [21] [22] [23] [24] [25] [26] [27] These include building a model for soil moisture using normalized difference vegetation index (NDVI), land surface temperature (LST), brightness temperature (BT), and surface reflectance to obtain a high-spatial-resolution soil moisture dataset. 21 31 In this method, a simple ratio constructed between the MODIS-derived SW and the mean of the MODIS-based SW within each AMSR-E pixel was used to obtain the soil moisture at the MODIS spatial scale.
In this paper, we apply three different downscaling techniques to ECV_SM data collected over China, including linear, nonlinear, and hybrid modeling approaches, to identify a downscaling approach that is suitable for areas with large spatial heterogeneity and that is multitemporal. [32] [33] [34] These test, use, and evaluate nine types of environmental parameters that affect soil moisture, which were derived from multiple auxiliary datasets. The downscaling results are evaluated using a large dataset of in-situ observations, collected over different land uses and land cover types. The performances of the downscaling methods are assessed by G DOWN , which is a measure of the overall performance of the downscaling methods. The output is a 10-day spacing time series of 1-km resolution soil moisture maps spanning the years 2003 to 2010. This work provides a reference method and data for the application of ECV_SM in areas that need high-spatial-resolution soil moisture data.
Methods of Downscaling

Independent Explanatory Variables for Soil Moisture
Studies have showed that the main factors affecting soil moisture are climate, terrain, and land surface and soil characteristics. The downscaling models tested here made use of nine explanatory variables, each of which is important in controlling soil moisture and can be described spatially over large areas with reasonable accuracy. Surface parameters evaluated include NDVI, LST, and BT; the meteorological parameters evaluated include the antecedent precipitation index (API); the topographical parameters evaluated include altitude (ALT), slope, and aspect; and the soil texture parameters evaluated include sand and clay.
Existing studies indicate that there is a correlation among vegetation cover, surface temperature, and soil moisture. In some studies, the LST is used as a signature/proxy of soil moisture variability (via the evapotranspiration process or thermal inertia concept). 22, 24, [35] [36] [37] The change in soil moisture leads to the change in the dielectric constant and affects the reflectance of the soil surface. Thus, the BT recorded by a passive microwave remote sensing radiometer can be used to calculate soil moisture. 4, 38, 39 The effects of meteorological factors on soil moisture are mainly from rainfall and temperature. [40] [41] [42] Rainfall characteristics are captured by the API, and the temperature indicator is not included due to its strong correlation with LST. Proposed by Kohler and Linsley in the 1950s, API takes into account the cumulative effect of rainfall and can represent soil water content. The API formula is as follows:
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 1 ; 1 1 6 ; 5 4 4 APIðiÞ ¼ PðiÞ þ kAPIði − 1Þ; (1) where APIðiÞ denotes the first i days of the early precipitation index, PðiÞ denotes the precipitation of i days in mm, and k indicates the attenuation coefficient of the API in which the greater the k value, the slower the attenuation. In this paper, the attenuation coefficient is 0.9.
43
The expanded version of Eq. (1) is as follows:
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 2 ; 1 1 6 ; 4 6 5 APIðiÞ ¼
This equation shows that the API is obtained by accumulating early day precipitation with weight (K d ). Considering the attenuation characteristics of the antecedent precipitation, the precipitation effect of the first two months can be calculated.
The topographic factors that affect soil moisture are slope, aspect, and elevation. Soil water content has a decreasing trend with increasing slope gradient. The greater the slope, the lower the soil water content. The effect of slope direction on soil water content is the difference between it and the solar radiation. A south-facing slope receives more solar radiation energy, which promotes soil temperature and enhances soil moisture evaporation thereby reducing soil moisture content. Permeability of soil moisture is influenced by altitude. That is, the permeability of soil moisture increases with an increase in altitude. In addition, low-altitude areas will be supplemented by surface runoff and subsurface runoff from high-altitude areas. [44] [45] [46] [47] [48] Soil texture, structure, and porosity affect the drainage and water storage capacity of the soil. Soil capillary conductivity, different soil textures, intergranular pores, soil particles and aggregates, and peripheral water film have varied characteristics, and, thus, they affect soil moisture conditions accordingly. Studies have also shown that soil texture has different effects in different dry and wet areas. [44] [45] [46] The nine explanatory variables were calculated with data collected from January 2003 to December 2010. Changes in topographical and soil factors were likely small over the eightyear study period (2003 to 2010), so constant values were used. Other factors are dynamic parameters, which were acquired during the first, second, and third 10 days, respectively. The spatial resolution of the BT and the API is 25 km, and the data were resampled to 1 km. To eliminate dimensional disparities on the weight factor, a linear nondimensional treatment was performed on the datasets, and the results obtained ranged from 0 to 1.
Downscaling Models
Nonlinear model
In climatic zones where surface types are uniform, NDVI, LST, and BT are closely related to soil moisture. The relationship between these elements can be quantitatively modeled as follows:
where S m represents the soil moisture. 22 Related experimental studies have proven that a power index (n) of 2 better expresses the soil moisture S m . 49 An estimation model for soil moisture can be obtained from Eq. (3) by inputting S m , NDVI, LST, and BT with a 25-km spatial resolution into the model and solving for the a ijk coefficient. A reduction in the soil moisture resolution from 25 to 1 km can be realized by including the 1-km resolution parameters in the formula. Large-scale soil moisture has complex geographical variation that can affect the relationship between soil moisture and other factors, thereby limiting the performance of the global model.
Linear model
This method assumes a linear relationship between soil moisture and the influencing factors, as shown below E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 4 ; 1 1 6 ; 5 3 8
where b i is the coefficient. A multiple-stepwise regression method can be used to solve the equation. In this approach, the independent variable is automatically selected based on the effect of each variable. This is done by eliminating the weak effects of the independent variables and retaining the significant independent variables. To test the overall fit of the linear model, F tests were conducted.
Hybrid models
The nonlinear model better expresses the relationship between soil moisture and NDVI, LST, and BT, 22 but it does not contain a link to other factors. Therefore, fully considering the impact of NDVI, LST, and BT as well as the role of other factors, hybrid parameterization was adopted. Combining Eqs. (3) and (4) produces a hybrid model of the linear and nonlinear models as follows:
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 5 ; 1 1 6 ; 3 3 0
Downscaling Implementation
Downscaling can be achieved in two steps. In the first step, a regression model is established on a coarse-resolution scale with soil moisture and its corresponding multisource auxiliary variables. In the second step, this regression model is applied to a fine-resolution scale for disaggregation. In this paper, the nine auxiliary variables (resampled to a 25-km scale as nine independent variables) along with ECV_SM (as a dependent variable) in a 5 × 5 window are used to establish a regression model (backward mode), according to Eqs. (3) to (5), respectively. Then the soil moisture value at 1-km resolution is derived by bringing the auxiliary factors of 1-km resolution back into the established regression model pixel-by-pixel. China is a vast territory with considerable variations in weather and surface conditions. These significant spatial variations influence studies on soil moisture so greatly that a global realization of a regression model is not ideal in this context. In view of this, the pixel to be estimated is taken as the center of a window. Each window is used as a single independent area. A moving window is established pixel-by-pixel. 50 A high-resolution soil moisture dataset for China considering its spatial heterogeneity is derived using this method. A 5 × 5 square window is selected for our experiment (refer to Sec. 4.1), following the work in Ref. 51 . The corresponding field area is 125 × 125 km 2 . The influence of the size of the window on the performance of the modeling is shown in Table 2 . The best method was found to be a hybrid approach using a 5 × 5 window.
Validation of Downscaled Results
Agrometeorological station soil moisture data were used to validate the result of the downscaled soil moisture. Statistical indicators used for the testing include the correlation coefficient (R), mean deviation (B), absolute error (ABE), relative error (RE), root mean square error (RMSD), and G DOWN . 52, 53 The performance of the three models was assessed from the number of pixels, which could establish an effective model and error valuation. The performance of the downscaled soil moisture data was also evaluated for various land cover and land use types. Finally, the accuracy of the ECV_SM and the corresponding downscaled results were compared and analyzed based on several typical site-specific datasets.
Merlin et al. 53 proposed a new metric G DOWN to assess the overall performance of downscaling methods. It is a relevant, relatively complete, and robust performance metric to evaluate soil moisture downscaling methods using in-situ measurement time series. A positive G DOWN indicates effective disaggregation, and a negative value indicates the opposite case. The definitions and calculation formulas are as follows:
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 6 ; 1 1 6 ; 5 0 7
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 7 ; 1 1 6 ; 4 7 6
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 8 ; 1 1 6 ; 4 3 6
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 9 ; 1 1 6 ; 3 9 6
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 0 ; 1 1 6 ; 3 5 7
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 1 ; 1 1 6 ; 3 2 1
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 2 ; 1 1 6 ; 2 8 2
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 3 ; 1 1 6 ; 2 5 6
where G DOWN is a performance metric dedicated to downscaling methods. G EFFI is the disaggregation (efficiency) gain on the bias in the slope of the linear fit relative to the nondisaggregation case, and G EFFI can be interpreted as characterizing the efficiency of the disaggregation method. G PREC is the disaggregation (precision) gain on a time series correlation relative to the nondisaggregation case, and G PREC can be interpreted as characterizing the precision of the disaggregation method to be evaluated. G ACCU is the disaggregation (accuracy) gain on the mean bias relative to the nondisaggregation case, and G ACCU can be interpreted as characterizing the accuracy of the disaggregation method. σ XR is the standard deviation of satellite soil moisture, and σ IS is the standard deviation of in-situ soil moisture. S is the slope of the linear regression between satellite estimation and the fine-scale true soil moisture measurement, and G RMSD is the disaggregation (RMSD) gain on the root mean square difference relative to the nondisaggregation case. HR refers to high resolution, LR refers to low resolution, and XR denotes either high or low resolution. IS refers to the in-situ soil moisture.
One key advantage of G DOWN over other performance metrics is that it provides an estimate of the overall improvement in soil moisture data with a single value. G DOWN provides a single quality assessment of disaggregated data while being based on three relevant and complementary performance metrics: S, R, and B. The advantage of G DOWN over the RMSD is twofold: (1) G DOWN is computed relative to the nondisaggregation case, so it is better suited to relative comparisons and (2) the relative nature of G DOWN makes it a priori much less sensitive than the RMSD to any bias in the mean or variance. Moreover, the normalization of S HR , R HR , and B HR (by S LR , R LR , and B LR ) can significantly reduce the impact on the performance metrics of uncertainties in LR data and the lack of representativeness of localized in-situ measurements at the downscaling resolution. Merlin 
Study Area
China is a vast nation of ∼9.6 million km 2 . It is located between 3°51′N-53°33′N and 73°33′E-135°05′E in eastern Asia and borders the western edge of the Pacific Ocean (Fig. 1) . It has three obvious elevational areas, from high elevations in the west to low elevations in the east. The overall terrain is characterized by five basic terrain types, namely plateau, plain, basin, ridge, and hill. Mountainous areas account for two thirds of the total surface area. The large expanse of China across a wide latitudinal range coupled with these various terrain types leads to diverse and variable temperature and precipitation conditions. China's climate is significantly influenced by both continental and oceanic conditions due to its geographic location. It has typical characteristics of a monsoon climate. The climate is characterized by high temperatures and rain in summer and cold temperatures in winter. Large temperature differences occur between winter and summer. The annual precipitation decreases from the southeastern coastal regions to the northwestern inland regions. Climate zones include cold temperate, mild temperate, warm temperate, subtropical, and tropical. 
ECV_SM
ECV_SM (version 2.0) is a newly merged soil moisture product developed under the framework of the ESA's Water Cycle Multimission Observation Strategy and the Soil Moisture Climate Change Initiative (CCI) projects. The product is generated by space-borne active and passive microwave instruments and originates from a number of Earth Observation missions, agencies, and sensor systems. The active dataset is generated by the University of Vienna using observations from the C-band scatterometers on board ERS-1/2 and METOP-A. The passive dataset is generated by the VU University Amsterdam in collaboration with NASA using passive microwave observations from Nimbus 7 SMMR, DMSP SSM/I, TRMM TMI, Aqua AMSR-E, Coriolis WindSat, and GCOM-W1 AMSR-2. As shown in Fig. 2 , the suite of datasets covers a 35-year period from the late 1970s to the present. The datasets are expected to be continuous into the next decade. At present, the product provides global coverage at a spatial resolution of 0.25 deg. 14, 19, 20, 54 This product was obtained from the ESA website. The maximum merging method was used to process ECV_SM and to unify the time periods of ECV_SM and the in-situ datasets. This was because observations of the soil moisture data from the agrometeorological stations were collected on the eighth day of every 10-day interval of each month. 55 The ECV_SM data observed on the seventh, eighth, and ninth day of every month were merged. A similar procedure was performed on the 17th, 18th, and 19th days and on the 27th, 28th, and 29th days. This procedure retains the temporal characteristics of the soil moisture data and eliminates noise in these observations. Pixel values in ice-covered and densely vegetated regions that were not viable within the microwave band were rejected. A 5 × 5 moving window was used to inspect every pixel and fill the rejected pixels by averaging nearby values. 55 
Ground-Based Data
The agrometeorological soil moisture data derived from the Chinese crop growth and farmland soil moisture dataset were downloaded from the China Meteorological Data Sharing Service System for the 2007 to 2010 periods. The data were collected on the 8th, 18th, and 28th days of every month at depths of 10, 20, 30, 50, 70, and 100 cm. Based on the sampling depth of ECV_SM, the data within the upper 10 cm of the soil profile were used. To be in accordance with ECV_SM datasets, the units of the in-situ dataset were converted from fraction of saturation (%) to volumetric water content (m 3 m −3 ) as used by An et al. 18 The conversion rule is as follows: Fig. 2 An overview of the active and passive sensors that provide the ECV_SM product.
where θ ν is the volumetric water content (m 3 m −3 ), θ r is the fraction of saturation (%), and por is a map of the porosity (%), which provides ancillary data along with ECV_SM. Figure 1 shows the locations of the ground-based validation sites used in this study, including 533 agrometeorological stations. For verification of downscaled soil moisture for forests, grasslands, croplands, and urban/developed lands, 26,639 observations from 2007 to 2010 at these stations were used in computing the statistical measures. Taking into account the computational effort, sites of different land use types, of large spatial distance, and where ECV_SM and in-situ data are nearly complete were randomly selected for analysis. Of these sites, 11 were used in the comparison of the 3 downscaling models (blue triangles). Twenty-eight stations (identified by purple and yellow triangles) were used in analyzing the performance of the modeling, auxiliary variables, and window size and in intercomparison between the original and downscaled versions.
Auxiliary Datasets
The NDVI and LST datasets over China were downloaded from the Geospatial Data Cloud. These are derived from daily MODIS data. The NDVI dataset and LST dataset were comprised of the maximums of 10-day values and the average of 10-day values, respectively. These were gridded using the WGS-84 projection and provide national coverage of China at a spatial resolution of 1 km. It was found that the LST has a small number of missing data.
The BT dataset from the AMSR-E Level-3 land surface product (AE_Land 3) was downloaded from the American National Snow and Ice Data Center. The data with a 56-km mean spatial resolution were resampled to a global cylindrical 25-km Equal-Area Scalable Earth Grid cell spacing. The data were stored in an Hierarchical Data Format-Earth Observing System (HDF-EOS) format and were available via file transfer protocol from June 19, 2002 , to October 3, 2011.
The daily gridded precipitation data were extracted from real-time rainfall data from over 2400 sites and were downloaded from the China Meteorological Data Sharing Service System. Topographical data used in this paper were downloaded from the Cold and Arid Regions Science Data Center. Digital elevation model, slope, and aspect datasets were used. The spatial resolution was 1 km, and the file format was a geotiff.
The soil dataset of China, which is from the Harmonized World Soil Database, was downloaded from the Heihe Plan Science Data Center of the National Natural Science Foundation of China. The dataset includes soil name, classification, texture, depth, and water content as well as sand and silt content. The data were gridded using the WGS-84 projection.
The land use and land cover (LULC) products for China were downloaded from the Cold and Arid Regions Science Data Center. In these products, China's land surface is divided into 17 categories, mainly including evergreen broadleaf forests, grasslands, permanent wetlands, croplands, urban and developed lands, glaciers and water bodies, etc.
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4 Results and Discussion
Evaluation of Model Type, Auxiliary Variables, and Window Size
Taking the second 10 days of August 2010 as an example to analyze the performance of the modeling, auxiliary variables, and window size, 28 sites are distributed around the area and randomly selected for modeling (Fig. 1) . These sites are located in different biological climate zones and are located far apart from each other. We can see that the dominant factor at some sites is API, such as at Huining, where SM ¼ 0.117 þ 0.691 × API, R is 0.750, and Sig is 0.000. At other sites, it is LST, such as at Wuan, where SM ¼ 0.783 − 0.598 × LST, R is 0.638, and Sig is 0.001. Some sites have several dominant influencing factors working together, such as at Xilinhaote, where SM ¼ 0.48 − 0.509 × BT þ 0.477 × NDVI þ 0.27 × CLAY, R is 0.835, and Sig is 0.000 (all these results are based on the linear model and a 5 × 5 window). It can be seen from these models that there are different dominant influencing factors and weights. These models can reflect the spatial heterogeneity of soil moisture and their dominant influencing factors.
There are 25 sites with established significant regression models (Sig is <0.05). The mean R is 0.67 for 28 sites. It is shown that the established models and auxiliary variables that were selected are effective in evaluating soil moisture. The frequency and average weight of the auxiliary variables used in the modeling are shown in Table 1 (the linear model and 5 × 5 window were used).
We can see that other than LST and SAND, the frequency of the factors involved in the modeling is high. The average weight of each factor is different. The higher values are for API, BT, LST, CLAY, NDVI, ALT, and SAND in this case. The auxiliary variables with higher frequency and weight are API, BT, NDVI, ALT, and CLAY.
The modeling performance of different size windows is shown in Table 2 . We can see that the correlation of the hybrid model decreased with an increase in window size. The performance of the hybrid model is the best among three types of models in each window. Finally, we found that the best-performing model is the hybrid model in a 5 × 5 window.
Downscaling Effect of the Three Models
A total of 36 soil moisture maps in 2010 were selected in comparing the modeling effects of the three models. The results show that the combined nonlinear and linear model has more pixels, which can establish a more effective model (Sig ≤ 0.05) than those of the other two models. Because frozen soil and high vegetation coverage were removed during the fusion process, the soil moisture time series data in most areas were not complete. The null pixel values of ECV_SM occurred more often in January, February, March, November, and December for the year. Thus, large areas could not be modeled during these times. Accounting for the total number of pixels (except for the number of ECV_SM null value pixels), about 95% of the pixels can be modeled successfully. The number of pixels effectively modeled are 201,479, 215,985, and 226,648 using the nonlinear, linear, and hybrid models, respectively.
In addition, to further compare the accuracy of the three models and validate the downscaled ECV_SM soil moisture data, several in-situ observation soil moisture data points were selected randomly by considering land cover and land use type and spatial distribution. The distribution of these sites is shown in Fig. 1 . The ABEs using the nonlinear, linear, and combined models are 0.048, 0.046, and 0.048 m 3 m −3 , respectively. The RMSD is 0.060, 0.060, and 0.063 m 3 m −3 , respectively. The accuracy½ð1 − REÞ × 100%] of the three modeling methods is 71.137%, 73.145%, and 72.218%, respectively. It can be seen that the statistical errors of all three models are small. Among them, the linear model is slightly better than the other two models. Considering the performance of the modeling (Sec. 4.1), the number of established effective models, and the error performance, the hybrid model with a 5 × 5 window was selected as the final downscaling method. Figure 3 shows the soil moisture maps of ECV_SM and the downscaled results during the first 10 days of October in 2010. The general trend of the spatial distribution of soil moisture is consistent, and the spatial detail of soil moisture was significantly enhanced after downscaling.
Comparison Between the Downscaled and Original ECV_SM
To further verify the reliability and accuracy of the downscaled ECV_SM data, in-situ observation soil moisture data were used. Twenty-eight sites with more complete time series data were used ( Table 3 ). The spatial distribution of these selected stations is shown in Fig. 1 . As seen in Table 3 , it was found that within our data ensemble, G DOWN is positive in 71.429% of the cases, indicating that the methods suggested in this paper generally improve the representation of soil moisture at 1-km resolution. The disaggregation gain in precision (G PREC ) and efficiency (G EFFI ) is positive in 67.875% and 71.429% of the cases, respectively. The disaggregation gain in accuracy (G ACCU ) is positive in 71.429% and the G RMSD is positive in 85.714% of the cases. Verification of soil moisture for forests, grasslands, croplands, and urban/developed lands was also carried out. A total of 26,639 observations from 2007 to 2010 from 533 sites were used in computing the statistical measures. The overall accuracy for grassland and farmland was relatively high with an average RE of 0.362 and 0.313, respectively. Also, the RMSDs were 0.087 and 0.091, respectively. Figure 4 shows the correlation between in-situ values of soil moisture and the downscaled values at four sites with four LULC types. It can be seen that the downscaled soil moisture for the different LULC types is consistent with the in-situ observations. RMSD is improved after downscaling. Here, RMSD HR is calculated from downscaled result and in-situ data. RMSD LR is calculated from ECV_SM and in-situ data.
Conclusions
A downscaled method of evaluating soil moisture that was suitable for China on a national scale was established based on a linear and nonlinear hybrid model combined with a moving window, ECV_SM product, and auxiliary datasets. Comparing the downscaled results of the linear, nonlinear, and hybrid models, it was found that the three models had varying but good performance. From analyses of several typical sites, it was found that the established and auxiliary variables selected for the models were effective. The frequency of the factors involved in the modeling was high except for LST and SAND. The average weight of each factor was different. The auxiliary variables with a higher frequency and greater weight were API, BT, NDVI, ALT, and CLAY in this case. By analyzing the performance of each model in three different size windows, it was Table 3 (Continued). found that the hybrid model in a 5 × 5 window was the best in this case, and it was selected as the final downscaling model. The method described here is a simple and practical soil moisture downscaling method that is suitable for large-scale and multitemporal assessments. The downscaled ECV_SM product was validated from different land cover and land use types using in-situ observations of soil moisture and classic error statistical indicators as well as an innovative G DOWN metric. The overall accuracy for grassland and farmland was relatively high. Mean square root error was reduced from 0.070 to 0.061 after downscaling. G DOWN was positive 71.429% of the time using in-situ observation data, indicating that the method suggested in the paper is effective in this case. A total of 288 soil moisture maps of 1-km resolution from the first 10-day period of January 2003 to the last 10-day period of December 2010 were derived using the downscaling method. This method can provide a reliable dataset for research and application in many related fields and for further analysis of space and time characteristics of China's regional soil moisture. More research is needed on the interaction mechanism between soil moisture and auxiliary variables, parameter selection, and downscaling method improvements to increase the accuracy of downscaled soil moisture data even further. It is necessary to study the spatial and temporal variation characteristics of soil moisture in China to establish an adaptive window and improve downscaling performance. The ECV_SM null value is serious, and study of a method to complement and improve it is necessary. Collecting more validation data and increasing the reliability of the verification results are also needed in the future. Due to the missing CCI and LST data, it is necessary to more carefully complete calculation details in the future, which may further improve downscaling performance. Residual analysis will be introduced to ensure that the disaggregated SM reaggregates to the coarse-scale original map and to reduce error. 
